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Model Compression
Bridges the Gap between the Supply and Demand of Computation
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Specialized hardware  
is important but not 
enough. 

Model compression  
bridges the gap.

https://efficientml.ai
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Same Principle, Diverse Applications
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Efficient Large Language Models
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The LLM serving costs are extremely high

Reducing LLM Serving Cost and Accelerating Inference

https://efficientml.ai
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Quantization cut the model size by half, but…
Existing Quantization Method is Slow or Inaccurate

7
LLM.int8(): 8-bit Matrix Multiplication for Transformers at Scale (Dettmers et al., 2022)
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FP16 LLM.int8() SmoothQuant

- Systematic outliers emerge in activations when we scale up LLMs beyond 6.7B. Traditional CNN 
quantization methods will destroy the accuracy.


- The accuracy-preserving baseline, LLM.int8() uses FP16 to represent outliers, which needs runtime 
outlier detection, scattering and gathering. It is slower than FP16 inference.

https://efficientml.ai
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SmoothQuant
Lots of outliers; Migrate Quantization Difficulty from Activations to Weights

8
SmoothQuant: Accurate and Efficient Post-Training Quantization for Large Language Models (Xiao et al., 2022)
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migrate difficulty

- Since matrix multiplication, A*B=C, is linear, we can shift information in A or B around. As such, we can balance the 
quantization difficulty across A and B.


- Since weights are easy to quantize while activations are not, SmoothQuant smooths the activation outliers by 
migrating the quantization difficulty from activations to weights with a mathematically equivalent transformation.

https://efficientml.ai
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SmoothQuant
Training-free, Offline Activation Smoothing

9
SmoothQuant: Accurate and Efficient Post-Training Quantization for Large Language Models (Xiao et al., 2022)
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- Since matrix multiplication, A*B=C, is linear, we can shift information in A or B around.


- SmoothQuant smooths the activation outliers by migrating the quantization difficulty 
from activations to weights with a mathematically equivalent transformation.

https://efficientml.ai
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SmoothQuant
Training-free, Offline Activation Smoothing
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SmoothQuant: Accurate and Efficient Post-Training Quantization for Large Language Models (Xiao et al., 2022)
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SmoothQuant
Training-free, Offline Activation Smoothing
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SmoothQuant: Accurate and Efficient Post-Training Quantization for Large Language Models (Xiao et al., 2022)

sj = max( |Xj | )α / max( |Wj | )1−α, j = 1,2,…, Ci

Y = (Xdiag(s)−1) ⋅ (diag(s)W) = X̂Ŵ

: Migration Strengthα
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2. Smoothing Stage (Offline):

divide the output channel 
of the previous layer by s
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multiply the input channel 
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SmoothQuant
Training-free, Offline Activation Smoothing
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SmoothQuant: Accurate and Efficient Post-Training Quantization for Large Language Models (Xiao et al., 2022)
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Ŵ

X̂

1 -4 2 2

-2 2 -1 -3

3. Inference (deployed model):

*

At runtime, the activations are smooth 
and easy to quantize

https://efficientml.ai
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SmoothQuant
SmoothQuant is Accurate and Efficient

13
SmoothQuant: Accurate and Efficient Post-Training Quantization for Large Language Models (Xiao et al., 2022)

• SmoothQuant well maintains the accuracy without finetuning.


• SmoothQuant can both accelerate inference and halve the memory footprint.
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SmoothQuant
Enabling Serving the MT-NLG 530B Model within a Single Node
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SmoothQuant: Accurate and Efficient Post-Training Quantization for Large Language Models (Xiao et al., 2022)

MT-NLG 530B Accuracy

MT-NLG 530B Efficiency

SmoothQuant can accurately quantize MT-NLG 530B model and reduce the serving GPU 
numbers by half at a similar latency, which allows serving the 530B model within a single node.

https://efficientml.ai
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SmoothQuant
Advancing new efficient open model LLaMA

- LLaMA (and its successors like Alpaca) are popular  
open-source LLMs, which introduced SwishGLU, making activation quantization even harder


- SmoothQuant can losslessly quantize LLaMA families, further lowering the hardware barrier

15
W8A8 per token

PIQA↑ LLaMA 7B LLaMA 13B LLaMA 30B LLaMA 65B

FP16 78.24% 79.05% 80.96% 81.72%

SmoothQuant 78.24% 78.84% 80.74% 81.50%

Wikitext↓ LLaMA 7B LLaMA 13B LLaMA 30B LLaMA 65B

FP16 11.51 10.05 7.53 6.17

SmoothQuant 11.69 10.31 7.71 6.68

SmoothQuant

int8
fp16

https://efficientml.ai
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SmoothQuant
Going smaller: W4A4 (FP4)

- Can we further push the frontier?

- We evaluate the W4A4 quantization for future-generation of hardware


- Setting: FP4 data type with a block size of 64

- Red: ppl degrade > 0.5, Green: ppl degrade < 0.5. SmoothQuant helps most of the time. 

16

SmoothQuant VS-Quant +

SmoothQuant

int8
fp4

fp16

https://efficientml.ai
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SpAtten: Transformer with Sparse Attention
Token Pruning: not every token are created equal

17
SpAtten: Efficient Sparse Attention Architecture with Cascade Token and Head Pruning [HPCA’21]
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Remove redundant token and head according to cumulative importance
Cumulative importance scores in GPT-2. Unimportant tokens are 

pruned on the fly. Important tokens are heavily attended.
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SpAtten: Transformer with Sparse Attention
Progressive Quantization: high confident attention requires low bit width

18
SpAtten: Efficient Sparse Attention Architecture with Cascade Token and Head Pruning [HPCA’21]
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Table 2

Max percent

Untitled 1 0.14318074 0.0369380159

Untitled 2 0.14661336 0.0419027197

Untitled 3 0.16183415 0.0271336549

Untitled 4 0.16247362 0.0257618188

Untitled 5 0.16455306 0.0261162296

Untitled 6 0.16983242 0.0366652272

Untitled 7 0.17542388 0.0377734687

Untitled 8 0.18009314 0.0309943485

Untitled 9 0.18155359 0.0340405862

Untitled 10 0.18416071 0.0304472834

Untitled 11 0.19021262 0.0331736238

Untitled 12 0.1912854 0.0555071776

Untitled 13 0.19326712 0.0467095753

Untitled 14 0.20337978 0.0314496759

Untitled 15 0.20360653 0.049775117

Untitled 16 0.2071048 0.0310574019

Untitled 17 0.20838396 0.0348681901

Untitled 18 0.20912747 0.0418295602

Untitled 19 0.2092779 0.0320962991

Untitled 20 0.2096166 0.0252050789

Untitled 21 0.21081309 0.0496644857

Untitled 22 0.21310887 0.0468115882

Untitled 23 0.21325563 0.0475019456

Untitled 24 0.21448258 0.0256901014

Untitled 25 0.21496129 0.0587544809

Untitled 26 0.21496177 0.043542794

Untitled 27 0.21523218 0.0797525475

Untitled 28 0.21797805 0.0256676567

Untitled 29 0.21833259 0.0283665117

Untitled 30 0.21886522 0.0377256913

Untitled 31 0.22002375 0.0331871176

Untitled 32 0.22088784 0.043016513

Untitled 33 0.22274266 0.0371372309

Untitled 34 0.22369975 0.0390901858

Untitled 35 0.22439629 0.0504951562

Untitled 36 0.22549202 0.0457082126

Untitled 37 0.22818688 0.0404735283

Untitled 38 0.22887237 0.0330575148

Untitled 39 0.22901675 0.0339618806

Untitled 40 0.2330231 0.0356624262

Untitled 41 0.23311615 0.0327416037

Untitled 42 0.23496237 0.0392653278

Untitled 43 0.23516984 0.0538436136

Untitled 44 0.2365484 0.0374223088

Untitled 45 0.23660079 0.0383594914

Untitled 46 0.23742406 0.050056412

Untitled 47 0.23791042 0.0469859018

Untitled 48 0.2383089 0.0266139555

Untitled 49 0.24076663 0.0666612758

Untitled 50 0.24410953 0.033225623

Untitled 51 0.24472237 0.0475325622

Untitled 52 0.25009355 0.0417164133

Untitled 53 0.25051785 0.0321588471

Untitled 54 0.25173768 0.0229680512

Untitled 55 0.25222123 0.0479964054

Untitled 56 0.2528171 0.0350670289

Untitled 57 0.25621644 0.0414917421

Untitled 58 0.25735006 0.0239551221

Untitled 59 0.25945693 0.0354268072

Untitled 60 0.25995514 0.029060291

Untitled 61 0.26141843 0.0394297063

Untitled 62 0.26161617 0.0360600487

Untitled 63 0.26194042 0.0338912557

Untitled 64 0.26372612 0.0234155696

Untitled 65 0.26415405 0.047502945

Untitled 66 0.26745176 0.057412015

Untitled 67 0.26789638 0.0407227513

Untitled 68 0.26940912 0.0412175417

Untitled 69 0.2716747 0.01689983234

Untitled 70 0.27183127 0.0298104813

Untitled 71 0.27462694 0.0714535508

Untitled 72 0.27477857 0.0456087875

Untitled 73 0.2752904 0.0245357735

Untitled 74 0.2788827 0.0333069373

Untitled 75 0.27917078 0.0346956777

Untitled 76 0.280018 0.038522462

Untitled 77 0.28291884 0.0393780814

Untitled 78 0.2829727 0.0314948693

Untitled 79 0.28321576 0.0403269642

Untitled 80 0.28494722 0.0302343922

Untitled 81 0.28503445 0.0370060492

Untitled 82 0.2871926 0.0228828362

Untitled 83 0.28768975 0.0372008505

Untitled 84 0.29026344 0.050762528

Untitled 85 0.2905898 0.0256091101

Untitled 86 0.29178515 0.0639174326

Untitled 87 0.29325417 0.0325144017

Untitled 88 0.29422385 0.0306936963

Untitled 89 0.29560328 0.0229139886

Untitled 90 0.2958508 0.0298339349

Untitled 91 0.2959903 0.040578262

Untitled 92 0.29621765 0.044122028

Untitled 93 0.2976898 0.0332563137

Untitled 94 0.29821956 0.0312326864

Untitled 95 0.29869708 0.0475534375

Untitled 96 0.30049413 0.0286155295

Untitled 97 0.30064172 0.0364540498

Untitled 98 0.30522138 0.0252363909

Untitled 99 0.3067403 0.0347919222

Untitled 100 0.30781254 0.054182756

Untitled 101 0.30800676 0.0354544294

Untitled 102 0.31213087 0.0664859875

Untitled 103 0.31447273 0.0614089367

Untitled 104 0.31669772 0.0289858547

Untitled 105 0.31737533 0.051578882

Untitled 106 0.31864256 0.043285211

Untitled 107 0.3198036 0.027164224

Untitled 108 0.3198468 0.0436853016

Untitled 109 0.3210808 0.050210635

Untitled 110 0.32724202 0.0374750186

Untitled 111 0.32753026 0.0242482731

Untitled 112 0.33063734 0.0585171994

Untitled 113 0.33085006 0.0447567857

Untitled 114 0.33162278 0.0377045462

Untitled 115 0.33206096 0.0432228378

Untitled 116 0.33834484 0.0312110891

Untitled 117 0.3385135 0.0317935455

Untitled 118 0.33968168 0.0287879868

Untitled 119 0.33975577 0.0412306764

Untitled 120 0.34614184 0.0246271426

Untitled 121 0.34666014 0.0356053882

Untitled 122 0.34734437 0.0459324848

Untitled 123 0.34913245 0.036926272

Untitled 124 0.35115218 0.0290108473

Untitled 125 0.35591266 0.0364679464

Untitled 126 0.3564469 0.0360676753

Untitled 127 0.3590984 0.060379226

Untitled 128 0.3607499 0.039109049

Untitled 129 0.36374497 0.0427090303

Untitled 130 0.3644628 0.046274329

Untitled 131 0.3661147 0.0323238469

Untitled 132 0.36672506 0.030456354

Untitled 133 0.36911526 0.0381760293

Untitled 134 0.369361 0.0406979962

Untitled 135 0.37134388 0.0535523474

Untitled 136 0.37202567 0.0462513295

Untitled 137 0.3738338 0.0433180696

Untitled 138 0.37420967 0.0587438105

Untitled 139 0.3746087 0.037120965

Untitled 140 0.3759204 0.052350833

Untitled 141 0.378682 0.0506253746

Untitled 142 0.37915722 0.025528343

Untitled 143 0.37926352 0.0372873442

Untitled 144 0.3795251 0.026587973

Untitled 145 0.38135698 0.0253529711

Untitled 146 0.3837014 0.0324554675

Untitled 147 0.38743898 0.0438082905

Untitled 148 0.38817585 0.034019291

Untitled 149 0.38991612 0.057754376

Untitled 150 0.39007172 0.0522686998

Untitled 151 0.39009318 0.0405576736

Untitled 152 0.39166778 0.0465699557

Untitled 153 0.39221704 0.0481485954

Untitled 154 0.39268333 0.0619061838

Untitled 155 0.3930841 0.058660942

Untitled 156 0.39343092 0.0551106704

Untitled 157 0.3939909 0.0273833092

Untitled 158 0.3950146 0.0400402542

Untitled 159 0.39672562 0.0349758802

Untitled 160 0.39740488 0.046477496

Untitled 161 0.39766493 0.0322489641

Untitled 162 0.3985816 0.0287355202

Untitled 163 0.4038298 0.0368958492

Untitled 164 0.40424892 0.039357341

Untitled 165 0.40478152 0.0468131975

Untitled 166 0.40907443 0.0410593173

Untitled 167 0.4099539 0.0417870553

Untitled 168 0.4112337 0.044593779

Untitled 169 0.41177973 0.0499333585

Untitled 170 0.4128565 0.0272965362

Untitled 171 0.41387516 0.048712485

Untitled 172 0.4146108 0.0349774895

Untitled 173 0.41685367 0.01719935784

Untitled 174 0.41872385 0.0304941754

Untitled 175 0.42072996 0.0205658584

Untitled 176 0.42234406 0.0348149046

Untitled 177 0.42743385 0.0227395553

Untitled 178 0.42770985 0.049168086

Untitled 179 0.42845163 0.01851981585

Untitled 180 0.43027663 0.0198806956

Untitled 181 0.43042687 0.0555827577

Untitled 182 0.4338016 0.0262030292

Untitled 183 0.43484497 0.0196995819

Untitled 184 0.4354712 0.0366773758

Untitled 185 0.4359559 0.04552172

Untitled 186 0.43659833 0.0436153968

Untitled 187 0.43732587 0.0268744645

Untitled 188 0.43738833 0.0262979475

Untitled 189 0.43856725 0.0251872797

Untitled 190 0.44187602 0.0237348608

Untitled 191 0.44334307 0.0191634494

Untitled 192 0.44709903 0.0273264897

Untitled 193 0.4480176 0.0296371595

Untitled 194 0.45147452 0.0605494793

Untitled 195 0.45289603 0.0632739463

Untitled 196 0.4545249 0.037398574

Untitled 197 0.45505518 0.0158473091

Untitled 198 0.45594588 0.0308173008

Untitled 199 0.45637923 0.0136346793

Untitled 200 0.45658103 0.0360445751

Untitled 201 0.45709154 0.033009194

Untitled 202 0.45872492 0.0168260884

Untitled 203 0.45925945 0.0403284291

Untitled 204 0.4605805 0.0389983645

Untitled 205 0.4613542 0.0138722401

Untitled 206 0.4630601 0.0225590287

Untitled 207 0.46316397 0.0191068598

Untitled 208 0.46330297 0.0422721937

Untitled 209 0.46373454 0.0229911533

Untitled 210 0.467859 0.0552563795

Untitled 211 0.4705251 0.0463976846

Untitled 212 0.47239432 0.0212882346

Untitled 213 0.47298908 0.0400374536

Untitled 214 0.47322747 0.0246552056

Untitled 215 0.47806367 0.0175796892

Untitled 216 0.478971 0.0549215444

Untitled 217 0.48139852 0.031670207

Untitled 218 0.4817316 0.045238411

Untitled 219 0.48268747 0.0324040307

Untitled 220 0.482733 0.0293160006

Untitled 221 0.486589 0.0280034084

Untitled 222 0.48659462 0.0203405906

Untitled 223 0.49301067 0.0294379046

Untitled 224 0.4942704 0.021223665

Untitled 225 0.50191444 0.0281804105

Untitled 226 0.50343055 0.0428246985

Untitled 227 0.50354964 0.0223461147

Untitled 228 0.5041204 0.0452221546

Untitled 229 0.5057638 0.0248863292

Untitled 230 0.506119 0.0618286163

Untitled 231 0.50826854 0.0103345256

Untitled 232 0.509018 0.0217472423

Untitled 233 0.50977063 0.0326552411

Untitled 234 0.5106991 0.0489151447

Untitled 235 0.5120936 0.0305828579

Untitled 236 0.51678777 0.0205069869

Untitled 237 0.51937896 0.0192268334

Untitled 238 0.52006716 0.0477026122

Untitled 239 0.52017725 0.01579676226

Untitled 240 0.5207063 0.0344954177

Untitled 241 0.5261909 0.0629553277

Untitled 242 0.52681935 0.0324566037

Untitled 243 0.52748823 0.0386674757

Untitled 244 0.5285738 0.01584472605

Untitled 245 0.52997965 0.0289153533

Untitled 246 0.53385997 0.0328737183

Untitled 247 0.5340211 0.0451492402

Untitled 248 0.5350081 0.0246054218

Untitled 249 0.53619695 0.0480918614

Untitled 250 0.5385308 0.0394862427

Untitled 251 0.53918034 0.0236399482

Untitled 252 0.5402842 0.034233497

Untitled 253 0.54053843 0.0199463767

Untitled 254 0.54168886 0.052743506
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Untitled 264 0.55125004 0.0217548347

Untitled 265 0.55136186 0.0295055123
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Untitled 455 0.8296095 0.01350041447
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Untitled 460 0.84326434 0.0326041634
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Untitled 482 0.86275184 0.007779531

Untitled 483 0.86347896 0.0221912533

Untitled 484 0.8636588 0.01112939896

Untitled 485 0.8642827 0.0140860414

Untitled 486 0.8654201 0.00877826923

Untitled 487 0.8659506 0.0139448961

Untitled 488 0.8697668 0.01768340697

Untitled 489 0.8698951 0.00692436608

Untitled 490 0.8702776 0.0256670848

Untitled 491 0.8726663 0.0174279742

Untitled 492 0.8729384 0.00915045757

Untitled 493 0.8738285 0.01050601276

Untitled 494 0.87508583 0.014630133

Untitled 495 0.87600535 0.00734113564

Untitled 496 0.87719375 0.0101186647

Untitled 497 0.87744385 0.00577289426

Untitled 498 0.87847805 0.00520438025

Untitled 499 0.87851405 0.00645470812

Untitled 500 0.8790588 0.0106005845

Untitled 501 0.8798192 0.00403226816

Untitled 502 0.88024545 0.0156596689

Untitled 503 0.882929 0.00792739185

Untitled 504 0.88437015 0.0062903091

Untitled 505 0.8863066 0.00385860018

Untitled 506 0.8897574 0.00658373655

Untitled 507 0.88978297 0.0056288412

Untitled 508 0.8902356 0.00540472556

Untitled 509 0.8903375 0.01714638755

Untitled 510 0.89232415 0.00809711733

Untitled 511 0.8936751 0.0141255253

Untitled 512 0.89448553 0.00475224143

Untitled 513 0.89472836 0.0083972856

Untitled 514 0.8950728 0.0124510971

Untitled 515 0.8954721 0.0212824776

Untitled 516 0.8962329 0.0048397978

Untitled 517 0.8962495 0.00830063355

Untitled 518 0.89778453 0.00536949443

Untitled 519 0.90022945 0.00685081727

Untitled 520 0.90130144 0.01371942044

Untitled 521 0.90188456 0.00502265057

Untitled 522 0.9032843 0.0101338571

Untitled 523 0.9047152 0.00684501068

Untitled 524 0.90482557 0.01323612124

Untitled 525 0.9062325 0.0120279234

Untitled 526 0.9069511 0.00694447112

Untitled 527 0.9071526 0.0039426805

Untitled 528 0.9079722 0.0112819359

Untitled 529 0.90806293 0.00394629886

Untitled 530 0.90849286 0.00639953516

Untitled 531 0.90891683 0.01409537344

Untitled 532 0.90971446 0.00699968645

Untitled 533 0.91091126 0.0133843505

Untitled 534 0.91126657 0.00407667268

Untitled 535 0.9124014 0.00668190404

Untitled 536 0.9129987 0.00532953667

Untitled 537 0.91956 0.00911959777

Untitled 538 0.92057437 0.00966888834

Untitled 539 0.92057985 0.00437099769

Untitled 540 0.9216227 0.00539797486

Untitled 541 0.92220986 0.00327450275

Untitled 542 0.9264308 0.0166190112

Untitled 543 0.92651784 0.00241093451

Untitled 544 0.92778605 0.00908799317

Untitled 545 0.927871 0.0098106462

Untitled 546 0.9285643 0.0085200997

Untitled 547 0.9287395 0.00250996726

Untitled 548 0.92875713 0.0180045672

Untitled 549 0.92981607 0.00479238178

Untitled 550 0.93254584 0.00257606066

Untitled 551 0.9326367 0.00601981047

Untitled 552 0.9369769 0.00572153137

Untitled 553 0.9375013 0.0133468635

Untitled 554 0.93783087 0.00300169144

Untitled 555 0.93829316 0.00311796878

Untitled 556 0.94037724 0.00521951565

Untitled 557 0.94546354 0.0164409337

Untitled 558 0.9503086 0.00654214954

Untitled 559 0.95368963 0.01667146355

Untitled 560 0.95573527 0.0033428695

Untitled 561 0.9561072 0.00365985011

Untitled 562 0.96092147 0.0109477829

Untitled 563 0.96135813 0.00339675616

Untitled 564 0.96235424 0.00248550115

Untitled 565 0.9685768 0.00196698298

Untitled 566 0.9701319 0.00771484892

Untitled 567 0.97139525 0.0025106866

Untitled 568 0.97185385 0.00265491826

Untitled 569 0.9748794 0.00165109905

Untitled 570 0.9807751 0.00208726685

Untitled 571 0.9823491 0.002047844415

Untitled 572 0.9867899 0.00177135784

Untitled 573 0.98954797 0.001900659794

Untitled 574 0.9907073 0.00116421569

Untitled 575 0.9940019 0.000752254213

Untitled 576 0.99712557 0.000218947697
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Lite Transformer
Local Convolution + Global Attention

19
Lite Transformer with Long-Short Range Attention [ICLR 2020]

- Long-Short Range Attention (LSRA):

- Convolution: Efficiently extract the local (short-range) features.

- Attention: Tailored for global (long-range) feature extraction.

Original Attention 
(Too much emphasize on 
local feature extraction)

Attention in LSRA 
(Dedicated for global 

feature extraction)

https://efficientml.ai


Same Principle, Diverse Applications
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Compressing and Accelerating Diffusion Models

21
Efficient Spatially Sparse Inference for Conditional GANs and Diffusion Models, NeurIPS’22

Original Edited

Stable Diffusion+SDEdit:

1855GMACs, 369ms

Ours:

225GMACs (8.2×),  

51.2ms (7.2x)

Prompt: A fantasy landscape, trending on artstation.

Original 2.02% Edited

GauGAN: 
281G MACs  45.39ms

Ours:
19.3G (15×)  8.68ms (5.2×)

GAN Compression:
31.2GMACs (9.0×)  15.1ms (3.0×)

GAN Comp.+Ours:
6.02G (47×)  8.56ms (5.3×)

Original 11.5% Edited
DDIM+SDEdit:
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Ours: 
61.3GMACs (4.1×)
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Original 3.78% Edited
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249GMACs
37.5ms
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40.6GMACs (6.1×)

13.5ms (2.8×)

1.7% Edited Stable Diffusion+SDEdit:
1358GMACs  369ms

Ours:
203GMACs (6.7×)  51.2ms (7.2×)

Prompt: A fantasy landscape, trending on artstation.

Original

Figure 1: We introduce Sparse Incremental Generative Engine (SIGE), an engine that selectively performs
computations at the edited regions for image editing applications. The computation and latency are measured
for a single model forward on NVIDIA RTX 3090. SIGE reduces the computation of SDEdit with DDIM [5]
by 4.1 ⇠ 6.1⇥ (2.3 ⇠ 2.8⇥ speedup), SDEdit with Stable Diffusion [10] by 6.7⇥ (7.2⇥ speedup), and
GauGAN [8] by 15⇥ (5.2⇥ speedup) for the examples shown in the figures while preserving the image quality.
When combined with existing model compression methods such as GAN Compression [11], our method further
reduces the computation of GauGAN by 47⇥.

given user input, we first compute a difference mask to locate the newly edited regions. For each
convolution layer in the model, we only apply the filters to the masked regions sparsely while reusing
the previous activations for the unchanged areas. The sparse update can significantly reduce the
computation without hurting the image quality. However, the sparse update involves a gather-scatter
process, which often incurs significant latency overheads with existing deep learning frameworks. To
address the issue, we propose Sparse Incremental Generative Engine (SIGE) to translate the theoretical
computation reduction of our algorithm to measured latency reduction on various hardware.

To evaluate our method, we automatically create new image editing benchmark datasets on LSUN
Church [12] and Cityscapes [13]. Without loss of visual fidelity, we reduce the computation with
DDIM [5], Progressive Distillation [14], Stable Diffusion [10] and GauGAN by up to 7.5⇥, 2.7⇥,
6.7⇥ and 18⇥, respectively, measured by MACs*. Compared to existing generative model accel-
eration methods [11, 15, 16, 17, 18, 19, 20], our method directly uses the off-the-shelf pre-trained
weights and could be applied to these methods as a plugin. When applied to GAN Compression [11],
our method reduces the computation of GauGAN by up 50⇥. See Figure 1 for some examples
of our method. With SIGE, we accelerate DDIM [5] by up to 3.0⇥ on NIVIDIA RTX 3090 and
6.6⇥ on Apple M1 Pro CPU, Stable Diffusion [10] by up to 7.2⇥ on 3090, and GauGAN [8]
by up to 5.6⇥ on 3090 and 14⇥ on M1 Pro CPU. Our code and benchmarks are available at
https://github.com/lmxyy/sige.

2 Related Work
Generative models. Generative models such as GANs [1, 2, 21, 22], diffusion models [4, 3, 23, 10],
and auto-regressive models [24, 25] have demonstrated impressive photorealistic synthesis capability.
They have also been extended to conditional image synthesis tasks such as image-to-image
translation [26, 6, 27, 28], controllable image generation [9, 29, 8], and real image edit-
ing [30, 29, 31, 32, 33, 34, 35, 28]. Unfortunately, recent generative models have become increasingly
computationally intensive, compared to their recognition counterparts. For example, GauGAN [8]
consumes 281GMACs, 500⇥ more than MobileNet [36, 37, 38]. Similarly, one key limitation of diffu-
sion models [4] is their long inference time and substantial computation cost. To generate one image,
DDPM requires hundreds or thousands of forwarding steps [4, 23], which is often infeasible in real-

*We measure the computational cost with the number of Multiply-Accumulate operations (MACs). 1 MAC=2
FLOPs.
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Original 2.02% Edited

GauGAN: 
281G MACs  45.39ms

Ours:
19.3G (15×)  8.68ms (5.2×)

GAN Compression:
31.2GMACs (9.0×)  15.1ms (3.0×)

GAN Comp.+Ours:
6.02G (47×)  8.56ms (5.3×)

Original 11.5% Edited
DDIM+SDEdit:

249GMACs
37.5ms

Ours: 
61.3GMACs (4.1×)

16.3ms (2.3×)

Original 3.78% Edited
DDIM+SDEdit: 

249GMACs
37.5ms

Ours:
40.6GMACs (6.1×)

13.5ms (2.8×)

1.7% Edited Stable Diffusion+SDEdit:
1358GMACs  369ms

Ours:
203GMACs (6.7×)  51.2ms (7.2×)

Prompt: A fantasy landscape, trending on artstation.

Original

Figure 1: We introduce Sparse Incremental Generative Engine (SIGE), an engine that selectively performs
computations at the edited regions for image editing applications. The computation and latency are measured
for a single model forward on NVIDIA RTX 3090. SIGE reduces the computation of SDEdit with DDIM [5]
by 4.1 ⇠ 6.1⇥ (2.3 ⇠ 2.8⇥ speedup), SDEdit with Stable Diffusion [10] by 6.7⇥ (7.2⇥ speedup), and
GauGAN [8] by 15⇥ (5.2⇥ speedup) for the examples shown in the figures while preserving the image quality.
When combined with existing model compression methods such as GAN Compression [11], our method further
reduces the computation of GauGAN by 47⇥.

given user input, we first compute a difference mask to locate the newly edited regions. For each
convolution layer in the model, we only apply the filters to the masked regions sparsely while reusing
the previous activations for the unchanged areas. The sparse update can significantly reduce the
computation without hurting the image quality. However, the sparse update involves a gather-scatter
process, which often incurs significant latency overheads with existing deep learning frameworks. To
address the issue, we propose Sparse Incremental Generative Engine (SIGE) to translate the theoretical
computation reduction of our algorithm to measured latency reduction on various hardware.

To evaluate our method, we automatically create new image editing benchmark datasets on LSUN
Church [12] and Cityscapes [13]. Without loss of visual fidelity, we reduce the computation with
DDIM [5], Progressive Distillation [14], Stable Diffusion [10] and GauGAN by up to 7.5⇥, 2.7⇥,
6.7⇥ and 18⇥, respectively, measured by MACs*. Compared to existing generative model accel-
eration methods [11, 15, 16, 17, 18, 19, 20], our method directly uses the off-the-shelf pre-trained
weights and could be applied to these methods as a plugin. When applied to GAN Compression [11],
our method reduces the computation of GauGAN by up 50⇥. See Figure 1 for some examples
of our method. With SIGE, we accelerate DDIM [5] by up to 3.0⇥ on NIVIDIA RTX 3090 and
6.6⇥ on Apple M1 Pro CPU, Stable Diffusion [10] by up to 7.2⇥ on 3090, and GauGAN [8]
by up to 5.6⇥ on 3090 and 14⇥ on M1 Pro CPU. Our code and benchmarks are available at
https://github.com/lmxyy/sige.

2 Related Work
Generative models. Generative models such as GANs [1, 2, 21, 22], diffusion models [4, 3, 23, 10],
and auto-regressive models [24, 25] have demonstrated impressive photorealistic synthesis capability.
They have also been extended to conditional image synthesis tasks such as image-to-image
translation [26, 6, 27, 28], controllable image generation [9, 29, 8], and real image edit-
ing [30, 29, 31, 32, 33, 34, 35, 28]. Unfortunately, recent generative models have become increasingly
computationally intensive, compared to their recognition counterparts. For example, GauGAN [8]
consumes 281GMACs, 500⇥ more than MobileNet [36, 37, 38]. Similarly, one key limitation of diffu-
sion models [4] is their long inference time and substantial computation cost. To generate one image,
DDPM requires hundreds or thousands of forwarding steps [4, 23], which is often infeasible in real-

*We measure the computational cost with the number of Multiply-Accumulate operations (MACs). 1 MAC=2
FLOPs.
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Computed On-the-flyOriginal Activations
Cached with Stable Diffusion

…

Original Generated
Stable Diffusion: 

1855G MACs 40 Steps×

1.7% Edited

…

Generated
Stable Diffusion: 

1855G MACs 40 Steps×
(a) SDEdit with Vanilla Stable Diffusion (b) SDEdit with Stable Diffusion using Spatially Sparse Inference (Ours)

…

Original Generated

1.7% Edited

…

Generated
Ours: 225G (8.2  Less) 40 Steps× ×

Reuse Feature Maps

Spatially Sparse Inference for Diffusion Models
Vanilla Model Wastes Many Computations to Re-synthesize the Entire Image 

22
Efficient Spatially Sparse Inference for Conditional GANs and Diffusion Models, NeurIPS’22

- Only 1.7% region is edited, but vanilla model re-synthesizes the entire image.

- Feature maps remain mostly the same at unedited regions.

- Reuse cached activations to selectively update edited regions (8  less computation).×

https://efficientml.ai
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Spatially Sparse Inference for Diffusion Models
Efficiency Results of SIGE

23
Efficient Spatially Sparse Inference for Conditional GANs and Diffusion Models, NeurIPS’22

Original 1.20% Edited
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Latency on NVIDIA RTX 3090 Latency on Apple M1 Pro CPU
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6.6×
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Qualitative Results of SIGE on Stable Diffusion

24
Efficient Spatially Sparse Inference for Conditional GANs and Diffusion Models, NeurIPS’22

A photograph of a horse on a grassland. A fantasy beach landscape, trending on artstation.

Original 11.6% Masked

Stable Diffusion:

1855GMACs  369ms

Ours:

514G (3.6 )  95.0ms (3.9 )× ×

Original 2.9% Edited

Stable Diffusion+SDEdit:

1855GMACs  369ms

Ours:

353G (5.3 )  76.4ms (4.8 )× ×

Latency Measured on NVIDIA RTX 3090

Image Inpainting Image Editing

Spatially Sparse Inference for Diffusion Models
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Anycost GAN
Image Editing With GANs
- We can edit an image by projecting an input image into the latent space of a GAN model, and 

then modify the latent code to generate a new image.

- Usually an interactive process, where users make frequent interactions. 

- Problem: GAN model inference is slow; it usually requires a few seconds to get edited results, 

which hinders interactive use cases

25
Anycost GANs for Interactive Image Synthesis and Editing [CVPR 2021]

generative model latent space

E
w0

wopt

optimization

G

w’ = wopt+∆w

latent editing

with user input

…

G(w’)

input image

projected image

slow synthesis

w* = argminw l(G(w), x)

https://efficientml.ai
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Anycost GAN
Quick Preview By Runner A Smaller But Consistent Model
- Anycost GAN 

- Run a low-cost model to generate a fast, interactive preview

- Run a full-cost model to generate the final, high-quality output (during idle time)


- Supports flexible resolutions and channel widths

26

w’ = wopt+∆w

latent editing

with user input

…

preview G’(w’)low-cost 

G’

final G(w’)

fast, interactive 
preview

during editing

full-cost 

G

slow, high-quality 

output

idle time

32x32 64x64 128x128 256x256

Flexible resolutions

Flexible channel widths

1.0x ch

0.5x ch

Anycost GANs for Interactive Image Synthesis and Editing [CVPR 2021]
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Anycost GAN
Tiered Pricing for Content Generation as a Service
- Good quality despite 5x computation reduction

27

Compute Budget 1x 0.7x 0.5x 0.4x 0.2x

Tiered Pricing $0.01 $0.007 $0.005 $0.004 $0.02

The quality is still 
 reasonably goodAnycost GANs for Interactive Image Synthesis and Editing [CVPR 2021]

https://efficientml.ai
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PVCNN: Point-Voxel CNN
New primitive for handling spatial sparsity in point clouds

29

PointNet [CVPR’17]

PointCNN [NeurIPS’18]

DGCNN [SIGGRAPH’19]

0

25

50

75

100

DGCNN PointCNN SpiderCNN Ours

Computation Irregular Access Kernel Comp.

Point-based models suffer from random memory 
accesses and dynamic kernel computation

Point-Based Models
3D ShapeNets [CVPR’15]


VoxNet [IROS’15]

3D U-Net [MICCAI’16]

GPU memory consumption increases cubically 
with the volumetric resolution

Voxel-Based Models

Voxel Resolution

G
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B

)

128 x 128 x 128 resolution

83 GB (Titan XP x 7)

7% information loss

64 x 64 x 64 resolution

11 GB (Titan XP x 1)


42% information loss
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PVCNN: Point-Voxel CNN
PVCNN is 2.7-6.9x faster than SOTA while being more accurate

30

Comparisons with           Voxel-Based Models

Point-based branch captures high-resolution 
information efficiently, which resolves the 

issue of large memory footprint.

Comparisons with           Point-Based Models

Voxel-based branch conducts convolution over a 
regular grid representation, which resolves the 

issue of random memory access.

Point-Based Feature Transformation (Fine-Grained)

Voxel-Based Feature Aggregation (Coarse-Grained)

Multi-Layer Perception

Convolve DevoxelizeVoxelize

Normalize Fuse

Real-Time Inference on Edge Devices

“Project of the Month” by NVIDIA Jetson Community

Jetson Nano Jetson TX2 Jetson NX Xavier Jetson AGX Xavier

139.9

82.6

42.6
19.9

76.0

45.4

20.3
8.2

PointNet (83.7 mIoU) Ours (85.2 mIoU)

O
bj

ec
ts

 p
er

 S
ec

on
d

Object Part

Segmentation

2.7x measured speedup

1.5x memory reduction

Indoor Scene

Semantic Segmentation

6.9x measured speedup

5.7x memory reduction
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SPVNAS: 3D NAS for Sparse Point Clouds
Neural Architecture Search for Point Cloud and LiDAR Perception

31

Evolutionary Architecture Search

t=10ms

target = 12ms

target = 8ms
Re-
sample

Keep 
Arch.

Sample

Latency PredictorCandidate NetworkSuper Network

+
CrossoverMutate

Super Network Training

GPU#1 GPU#N

…

Uniform Sampling

Weight Sharing
#Cout

max #Cout m
ax

 #
C

in

#C
in

Fine-Grained Channel + Elastic Depth

Stage III

(Depth: 1, 2, 3)

Stage II

(Depth: 2, 3)

Stage I

(Depth: 3)

Superior Efficiency-Accuracy Trade-Off

(Especially Under Constrained Scenarios)

90 132 174 216 258 300

63.162.8

60.0

57.5

66.466.0
65.2

63.6

GPU Latency (ms)

M
ea

n 
Io

U

OursMinkowskiNet

person

person cyclist

trunk

trunk
traffic sign

Difference from 2D NAS:

- SPVConv instead of 2D 

convolution as the 
building blocks;


- Enlarging design space 
on channels but 
shrinking  search choices 
in kernel sizes.

2.7x faster
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SPVNAS accelerated by TorchSparse
TorchSparse brings about another 1.3x speedup to the efficient SPVNAS model

32
Measured on GTX1080Ti

Mean IoU: 63.1  Throughput: 3.4 FPS

(21.7M Params  114.0G FLOPs)

Mean IoU: 63.6  Throughput: 9.1 FPS

(2.6M Params  15.0G FLOPs)

MinkowskiNet SPVNAS (Ours) SPVNAS + TorchSparse (Ours)

Efficient 3D 
Network

Sparse Inference 
Engine

System-Algorithm Codesign

Mean IoU: 63.6  Throughput: 12.1 FPS

(2.6M Params  15.0G FLOPs)
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TorchSparse: Efficient Point Cloud Library
Balancing computation regularity and computation overhead

33
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redundant computation=36

Implicit GEMM without zero-skipping Zero-skipping Implicit GEMM (weight split=1)

- Automatically determine the best tradeoff between control flow and computation overhead;

- Mixed dataflow configurations for different layers and forward/backward computation.

Data Driven Auto-tuning based on profiling feedback

Thread

Block 1

Thread

Block 2

Zero-skipping Implicit GEMM (weight split=3)

Reduced computation overhead

Better computation regularity
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PointAcc: Point Cloud Accelerator
One hardware architecture, diverse neural architectures
- The sparsity of point clouds leads to two bottlenecks:


- Diverse mapping operations for searching the input, 
output, weight maps (e.g., k-Nearest Neighbor, Ball Query, Kernel Mapping)


- Data movement overhead from gather and scatter of 
the sparse features


- PointAcc maps diverse mapping ops into sort-based 
computation with one versatile hardware architecture.


- PointAcc reduces off-chip memory access and minimize 
the overhead of gather and scatter by flexible caching 
and layer fusion.

34
PointAcc: Efficient Point Cloud Accelerator [MICRO-54, 2021]

Diverse Mapping Ops in One Versatile Architecture
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BEVFusion: Dense (Camera) + Sparse (LiDAR)
Accelerate LSS by 40x with Interval Reduction and Pre-computation

35
BEVFusion: Multi-Task Multi-Sensor Fusion with Unified Bird's-Eye View Representation [ICRA 2023]

LiDAR Point Cloud

Camera

Features

LiDAR Feat.

(in BEV)

Camera Feat.

(in BEV)

BEV Map Segmentation

3D Object DetectionLiDAR

Features

Fused BEV

Features

Multi-View RGB Images

Task-Specific Heads

…

Flatten

(along z-axis)

Camera-to-BEV

View Transform

Camera

Encoder

LiDAR

Encoder

BEV

Encoder

Dense

Sparse

- Ranked first on nuScenes 3D object detection (2022/6).

- Ranked first on nuScenes 3D object tracking (2022/7).

- Ranked first on Waymo 3D object detection (2022/11).

- Ranked first on Argoverse 3D object detection (2023/4).

https://efficientml.ai
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PhD Student — Zhijian Liu
Research Interest: Efficient Algorithms and Systems for Deep Learning

37

Zhijian Liu
zhijian@mit.edu

https://zhijianliu.com
Selected Honors


• Qualcomm Innovation Fellowship

• NVIDIA Graduate Fellowship

• MIT Ho-Ching and Han-Ching Fund Award

Representative Work

• Algorithms:


• PVCNN (NeurIPS’19 Spotlight)

• SPVNAS (ECCV’20, TPAMI’21)

• FlatFormer (CVPR’23)


• Systems:

• TorchSparse (MLSys’22)


• Applications:

• BEVFusion (ICRA’23)

@zhijianliu96

Graduating in Fall’23

https://efficientml.ai
mailto:zhijian@mit.edu
https://zhijianliu.com
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Background: The Era of AIoT on Microcontrollers

39

Cloud AI Mobile AI Tiny AI

Memory (Activation)

Storage (Weights)

32GB 4GB

256GB

320kB

1MB~TB/PB

- Problem: restricted memory size

https://efficientml.ai
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MCUNet
Deploy AI on MCUs that has only 256KB SRAM

40
The camera is OpenMV Cam.

Face/mask detection Person detection

https://efficientml.ai
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Inference Is Good. Can We Learn on Edge?
AI systems need to continually adapt to new data collected from the sensors 
Not only inference, but also training

41
The camera is OpenMV Cam.

●On-device learning: better privacy, lower cost, customization, life-long learning

●Training is more expensive than inference, hard to fit edge hardware (limited memory)

User Intelligent Edge Devices

New and Sensitive

Data

…

Cloud Server

On-device Learning

Cloud-based Learning

data cannot be sent to the  
cloud for privacy reason

https://efficientml.ai
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Sparse Training

42
On-Device Training Under 256KB Memory [Lin et al., NeurIPS 2022] 

- Detailed Update Scheme for MobileNetV2 
- The activation cost is high for the early 

layers; 

- The weight cost is high for the later layers; 

- The overall memory cost is low for the 

middle layers.

- Bias-only update

- Update weights for the middle layers

Only update important layers and sub-tensors to save memory

-10%

-5%

0%

5%

10%

0 10 20 30 40 50 60 70
-4%

5%

14%

0 5 10 15 20 25 30 35 40

- Later layers are more important

- The first point-wise conv in each block contributes more

- Middle layers are more important 

- Attention and first FFN layers contribute more.

- Sensitivity analysis

Layer Index

Δ 
Ac

cu
ra

cy CNN model (MobileNetV2)

Layer Index

Transformers (BERT)
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Low-Precision Training
with Quantization Aware Scaling (QAS)

43
On-Device Training Under 256KB Memory [Lin et al., NeurIPS 2022] 
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QAS improves the val 
performance.

- Optimizing an INT8 quantized graph leads to memory 
and computing savings 
- All weights and activations are in INT8 
- Different from quantization-aware training (QAT), 

where operations are performed in FP16  

- … But at the cost of worse convergence 

- We found the issue lie lies in gradient scale mismatch
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QAS aligns the W/G ratio

- Solution: quantization-aware scaling (QAS)

86.9
84.5

64.8

75.4

86.0

Improve 
convergence

Extra 
memory (3x)

To
p-

1 
A

cc
ur

ac
y 

(%
)

FP32 
SGD

INT8 
SGD

INT8 
LARS

INT8 
Adam

INT8 QAS 

(ours)

worse 
convergence

Thus, re-scale the gradients

W = sW ⋅ (W/sW)
quantize

≈ sW ⋅ WQ, GWQ
≈ sW ⋅ GW

[-128, 127][-2, 3]

∥WQ∥/∥GWQ
∥ ≈ ∥W/sW∥/∥sw ⋅ GW∥ = s−2

W ⋅ ∥W∥/∥G∥
weight and gradient ratios are off by s−2

W

Thus, we need to re-scale the gradients G′￼WQ
= GWQ

⋅ s−2
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Tiny Training Engine
Translate the theoretical saving into measured savings. Runtime => Compile time

44

CodeGen

Tune Schedules

Executable

Binaries for Training

Python Defined 
Models

Traced

Static Graph Forward Graph

Backward Graph

Compile-time 
AutoDif

IR IR

Graph 
Opt.

: Runtime

: Compile-Time

6x speedup compared to TensorFlow on Jetson Nano
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Device: Jetson Nano; Backend:Tiny Training Engine; Task: Speech Recognition

TTE On-Device Learning of Wave2Vec
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Model Compression for Diverse Applications
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Video Recognition
Gesture Recognition

Predictive Maintenance

Health Monitoring

Art Generation

Music Composition
Storytelling

Video Synthesis Chatbots

Fashion Design Machine Translation

Question Answering
Search Engine Revolution

Sentiment Analysis
Autonomous Driving

Augmented Reality

Blind Spot Detection
Adaptive Cruise Control

Application 
(demand of computation)

Hardware 
(supply of computation)
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Media

47

MCUNet: Tiny Deep Learning on IoT Devices [Lin et al., NeurIPS 2020]

MCUNetV2: Memory-Efficient Patch-based Inference for Tiny Deep Learning [Lin et al., NeurIPS 2021]


On-Device Training Under 256KB Memory [Lin et al., NeurIPS 2022] 

(Highlighted by MIT Homepage)(Highlighted by MIT Homepage)

https://efficientml.ai
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Open Source

Sign up here to get updates!

https://forms.gle/UW1uUmnfk1k6UJPPA

https://forms.gle/UW1uUmnfk1k6UJPPA
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New Course: TinyML and Efficient Deep Learning Computing
MIT 6.S965: https://efficientml.ai

- This course is a deep dive into efficient machine learning techniques 
that enable powerful deep learning applications on resource-
constrained devices.

49

Anonymous Student Feedback Collected from Mid-term

https://efficientml.ai
https://efficientml.ai
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MIT AI Hardware 
Program

MIT Microsystems Technology Laboratories (SoE) 

MIT Quest for Intelligence – Corporate (SCC)

Co-Leads: Jesús del Alamo and Aude Oliva

Internal Advisory Board Chair: Anantha Chandrakasan

1
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Hardware for AI and Neural-net

Proposal for DARPA-NVIDIA-SDH Initiative

PI: Song Han


Project 1: ”Efficient Hardware Primitives for Sparse Linear Algebra” 

Pruning techniques [Han’15] show that DNN models can be pruned to very sparse, 
saving the FLOPs by 10x and model size by 8x (FC layer, index included). However, it’s 
challenging for general purpose hardware to take advantage of sparsity. EIE [Han’16] is 
the first hardware accelerator for sparse DNN, it’s efficient but it lacks flexibility. TACO 
[Kjolstad’17] is a flexible compiler for sparse linear algebra on CPU, but it lacks 
accelerator support. Therefore, I plan to work on an specialized accelerator for sparse 
linear algebra. There are two basic operations to be accelerated: union (OR) and join 
(AND). Software implementation need O(n) cycles. I plan to work on O(log(n)) time 
complexity, O(n) area complexity arrays; or O(1) time complexity, O(n^2) space 
complexity arrays. After that, I’d like to implement this architecture in FPGA or ASIC, 
then integrate the HW primitive into TACO. Then, I want to co-design the machine 
learning models that are not only pruned to be sparse, but also with the optimal 
granularity of sparsity that fits the accelerator. Lastly, I’ll demonstrate a few machine 
learning applications accelerated with such sparse primitives: machine translation, 
speech recognition, image classification, and Progressive GAN, which makes real-time 
AI and embedded-AI possible for IoT devices. It can also make cloudAI more energy 
efficient by saving the electric bill and total cost of ownership (TCO).
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“Number representation” is a fundamental problem for efficient machine learning. For 
inference, Linear Quantization [TensorRT] or Kmeans Quantization [Han’16] are two 
extremes of quantization. The former has easy hw implementation but poor 
expressiveness. The latter has inefficient hw implementation (need register lookup 
every time) but flexible expressiveness. For training, Conventional fp16 or fp32 are also 
inefficient, since training DNNs needs more dynamic range and exciting methods need 
careful scaling factor tuning to avoid underflow or overflow [NVIDIA’17]. Given the large 
design space, we are interested in learning to learn the optimal number representation 
for deep learning. The design space include:  
[linear quantization, log quantization, kmeans quantization] x 
[weight, activation, gradient] x  
[training, inference] x [channel number] x [layer number] x [bit width] x [decimal point]  
This is a large design space that’s hard to be explored by human. It should be explored 
by AI. I plan to use machine learning techniques to find the best number representation 
for machine learning. It’s a co-design of number representation together with model 
architecture, trading off hardware efficiency and model accuracy. I’d like to push the 
pareto frontier of such trade-off. 


Potential product impact for NVIDIA: future TensorRT and cuDNN libraries.
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